Human error is often considered the leading cause of motor vehicle crashes. Although some research has been conducted to assess the influence of human factors, full driver impacts on crashes are rarely analyzed, especially on a large scale in the United States. This study sought to identify the driver behavior and demographic factors that affected the likelihood of a multivehicle or single-vehicle fatal crash. A multinomial logistic regression framework, including odds ratios, was used to analyze the variables from several states. A tiered model approach was adopted to find the variable effects for combined, urban, rural, undivided urban, divided urban, undivided rural, and divided rural data sets. Each model produced different significant demographic or driver variables, many being unique or contradictory to the expected results of other research. Gender, often seen as a major contribution to crash outcome, was significant only for the full and urban models and likely not an important variable for determining crash outcomes in rural areas. Distracted driving and failing to make avoidance maneuvers were notably significant across various roadway types. Contrary to other studies, age, licensure, restraint use, and driving at certain times of the day were not found to be significant factors for either single-or multivehicle fatal crashes. Last, some previous conclusions about the number of occupants were refuted. These results may help safety analysts improve crash analysis and prevention methods.
Approximately 90% of all crashes are attributed to human error (1) . However, there has been limited research focused on determining the individual driver behaviors and demographic factors that lead to crashes. Human factors are often ignored in models used to predict the likelihood, type, and severity of a crash, because traffic volume tends to overshadow most other factors. Therefore, there is a need to understand the human factors that affect the likelihood of severe multivehicle crashes across multiple roadway types in the United States.
Research dealing with multivehicle crashes typically follows one of two patterns. First, researchers separate single-and multivehicle crashes into distinct data sets to predict the number or severity of crashes based on prevailing roadway and traffic conditions. Second, researchers have developed models to assess relevant factors for multivehicle crashes, but these models often exclude driver variables and solely describe rural roads. There is a lack of understanding as to how driver factors affect the likelihood of a multivehicle crash; although some papers have analyzed a few demographic variables, few, if any, have performed a thorough analysis, especially independent of traffic volumes. Moreover, most studies have typically focused on specific states or geographic locations, rather than a representative sample of the United States.
This study investigated the driver and demographic factors that influence the likelihood of a multivehicle fatal crash instead of a single-vehicle fatal crash across multiple roadway types, and determined the significance of these factors independent of the influence of traffic exposure. To accomplish this purpose, the study aimed to answer three questions: predict accurately the number of each type; separate models were quickly identified as providing a better fit for crash prediction than combined models (2, 3) . These papers highlighted the relationship between traffic volume and type of crash; later research verified these findings (4, 5) .
On the basis of the knowledge that crash type influences crash prediction, other research has been conducted to predict the number of single-vehicle or multivehicle crashes on specific facilities or under certain conditions. These studies analyzed two-lane highways (6) , exposure measures (7), at-fault multivehicle crashes based on past crash experience (8) , and Interstate highways (9) . The research clearly established that the number of vehicles involved in a crash is critical for understanding expected crashes.
Many researchers have conducted studies to predict the likelihood of a severe crash based on crash type (number of vehicles) and other factors, including research pertaining to specific geographic locations, such as Riyadh (10) and Florida (11) , or relating to specific modes of transportation, such as motorcycles (12) . Other studies conducted in 2011 and 2013 have used a combination of crash type and other variables to predict crash severities in specific circumstances. Some of these papers addressed multivehicle and single-vehicle crashes (13) (14) (15) , while others focused exclusively on predicting the severity of one crash type (16, 17) .
Models for analyzing Singleand Multivehicle Crashes
The second type of research aims to identify factors that specifically affect the likelihood of a single-vehicle crash or a multivehicle crash. Early research in this field often involved a simple analysis of population proportions. One study by Ostrom and Eriksson observed the number of crashes involving alcohol and whether the factors involved were more indicative of single-vehicle crashes or multivehicle crashes (18) . Similarly, a study by Tavris et al. used hospital data to determine demographic and driver factors that were indicative of the number of vehicles involved (19) . Bedard et al. used regression analysis to study the driver and demographic factors involved in different crash types (20) . Some other studies have been conducted that focused exclusively on single-vehicle or multivehicle crashes (21) .
One of the most informative studies regarding single-and multivehicle crash likelihood was published in 2013 (21) . The authors investigated single-and multivehicle crashes in six European countries. The study used logistic regression to analyze the impact of several variables, including number of occupants, sex of drivers, age of drivers, alcohol and impairment, and other, nondriver, variables. The study found that multiple occupants, male gender, youth, and night driving lead more to single-vehicle crashes. However, the researchers also relied heavily on traffic volume (22) . Although the current study confirms some of the findings of the European paper, some conclusions, such as the number of occupants, are rejected.
relevant Demographic and Driver Factors
The purpose of this study was to identify relevant driver and demographic variables that influence the likelihood of a single-vehicle or multivehicle fatal crash and compare the significance of these variables across divided and undivided rural and urban roadways. To that end, significant variables from the research were reviewed and a few other studies were recorded (23) (24) (25) . The significant factors identified in the literature review, as well as the model types in which they were used, are shown in Table 1 .
The literature review helped determine the variables included in this study. As shown in Table 1 , alcohol consumption, licensure, night driving, restraint use, speeding, crash history, number of occupants, ethnicity, sex, and age have all been identified as playing some role in either crash prediction or the number of vehicles in a crash, but no studies have covered all of them. All of these factors were included in the present study to provide a broad spectrum analysis with a complete list of driver and demographic variables across multiple roadway types. Many of the previous studies were not exclusive to fatal crashes; therefore, cross-comparison between studies can be difficult. Comparison should only be made between this study and previous research when fatal crashes are considered.
Data anD MethoDoLogy

Data
The data in this study came from the Fatality Analysis Reporting System (FARS) database for case listings from six states: California, Michigan, New York, North Carolina, Texas, and Washington. These states were chosen to create a representative population of the United States for a wide range of population densities, geographic regions, and demographic compositions. Case listings from 2010 and 2012 were included in the data set to provide a sufficient sample population (case listings from 2011 could not be accessed for all variables). Each observation in the data set was coded as an individual driver in either a single-vehicle crash or a multivehicle crash. Data for additional passengers in any vehicle were removed from the data set.
The study used all of the driver and demographic factors listed in Table 1 , as well as others in the model analyses. Traffic volume was excluded from the analysis because it overshadows the effects of the other variables in predictive models and is absent from the FARS database. Classification as either an urban or a rural road and whether the road is divided or undivided were used to sort the data and allow a cross-comparison of different roadway types. Table 2 shows the variables that were used, including the discrete levels for each variable.
Methodology
To analyze the likelihood of a single-vehicle fatal crash versus a multivehicle fatal crash based on driver and demographic factors, a tiered modeling approach was used in conjunction with multinomial logistic regression. Logistic regression has been identified in multiple studies to be a valid methodology for crash prediction and analysis (22, 24, 26) . Multinomial logistic regression was selected as the chosen methodology because of the discrete variables used in the data (27) and for its ability to account for variable interaction (22) . The dependent variable in this model contained only two potential outcomes (single-vehicle crash or multivehicle crash), so this model is technically a binary logistic regression analysis. First, a full model for all of the data was analyzed with binary logistic regression. However, a cross-comparison of road types was desired, so the data set was then split into two sets for urban and rural roads. The urbanization variable was then removed from the model. Next, the data sets were again split into undivided and divided roadways, resulting in a total of seven data sets to analyze, allowing further cross-comparison. The statistical analysis package SAS was used to calculate the parameter estimates and p-values for each variable in the binary logistic regression models, and the odds ratios (ORs) and confidence intervals for each variable were produced to explain the impact on the number of vehicles involved.
The binary logistic regression model is demonstrated in Equation 1 (27) . 
where Pr(Y = multivehicle crash) = probability of multivehicle crash, Pr(Y = single-vehicle crash) = probability of single-vehicle crash, α = intercept, β n = partial slope coefficient for variable n, and X n = estimate for value of variable n. Crash hour 1 (12:00-6:00 a.m., n = 2,850); 2 (6:00-12:00 p.m., n = 3,188); 3 (12:00-6:00 p.m., n = 4,587); 4 (6:00-12:00 a.m., n = 4,377); 5 (unknown, n = 94) Light condition 1 (light, n = 11,587); 2 (dark, n = 3,490); 3 (other, n = 19)
Relation to junction 1 (junction, n = 5,002); 2 (between junctions, n = 10,092); 3 (other, n = 2)
Relation to traffic-way 1 (on roadway, n = 12,540); 2 (off roadway, n = 2,550); 3 (other, n = Driver maneuvered to avoid 1 (no maneuver, n = 13,427); 2 (maneuver, n = 329); 3 (other, n = 1,332)
Roadway alignment 1 (straight, n = 12,312); 2 (curved, n = 2,471); 3 (nontraffic-way, n = 98); 4 (other, n = 215)
Roadway grade 1 (level, n = 11,015); 2 (graded, n = 2,659); 3 (nontraffic-way, n = 98); 4 (other, n = 1,324)
Speed limit 1 (5-25 mph, n = 601); 2 (30-55 mph, n = 9,483); 3 (≥60 mph, n = 4,019); 4 (nontraffic-way-no speed limit, n = 103); 5 (other, n = 890)
Total lanes in roadway 1 (1, n = 182); 2 (2, n = 8,797); 3 (3, n = 1,503); 4 (4, n = 3,345); 5 (5, n = 473); 6 (6, n = 478); 7 (7 or more, n = 31); 8 (nontraffic-way, n = 98); 9 (other, n = 76) Traffic-way description 1 (nontraffic-way, n = 98); 2 (two-way, undivided, n = 9,370); 3 (two-way, divided, n = 5,071); 4 (one-way, n = 222); 5 (ramps, n = 310); 6 (other, n = 25)
On the basis of Equation 1, the OR is essentially the ratio of the coefficients for any independent variable for each value of the dependent variable (22) :
where OR is the OR for an individual independent variable coefficient and β is the ratio of the coefficient estimates for multivehicle crashes to single-vehicle crashes. Although logistic regression accounts for interactions between variables, checking for multicollinearity in the model is still appropriate because certain model parameters may act as linear combinations of the effects of multiple variables, increasing the standard error in the model. To check for multicollinearity, a simple and practical test was performed and each regression model's variance inflation factor (VIF) and tolerance levels were checked. According to the literature, a VIF value greater than 10 and a tolerance lower than 0.1 indicate potential collinearity in a model (28) .
anaLySiS reSuLtS
In total, seven analyses were performed to assess the impact of various demographic and driver factors on the likelihood of a multivehicle fatal crash over a single-vehicle fatal crash. The results of each simulation are discussed in the following subsections. Each section contains a table listing the estimates, p-values, ORs, and upper and lower 95% confidence intervals for each demographic variable, as well as each additional significant variable. The implications of these results are discussed in the section on cross-comparisons and discussion.
Full Model
The full model makes no division between crashes on urban and rural roads. The model contained 15,096 observations with a likelihood ratio chi-square of 6826.4197 and a p-value smaller than .0001, meaning that the model is significant and fits the data better than an empty model. For the purpose of this analysis, the individual variable levels are most significant for interpreting the results and are shown in Table 3 .
Sex and Hispanic origin were the two significant demographic variables for this model. These results show that the relative log odds of being in a multivehicle fatal crash instead of a single-vehicle fatal crash increase by 0.4731 if the driver of a vehicle is female rather than male. This is consistent with other studies that indicate that males are more likely to be involved in single-vehicle crashes, potentially because of psychological differences that cause men to drive in a riskier fashion (18) (19) (20) (21) (22) . Not being of Hispanic origin increased the log odds of being in a multivehicle crash. This result may be due to cultural differences between urban and rural drivers and the distribution of Hispanic drivers in population centers. However, the cause for this significance is impossible to determine from the data, and the researchers caution against drawing further conclusions.
Another important finding is that not speeding results in a 0.4266 decrease in the log odds of being in a multivehicle fatal crash rather Note: Boldface = statistical significance; hisp = Hispanic; speed = speeding; alc = alcohol; distract = driver distracted; avoid = driver maneuvered to avoid; rdarea = traffic-way description.
than a single-vehicle fatal crash. This may be because speeding is more possible in light traffic conditions. Interestingly, driving while not alcohol-intoxicated increases the log odds of being in a multivehicle fatal crash instead of a single-vehicle fatal crash. This reflects the findings of some research that indicate that drunk driving is much more commonly associated with single-vehicle crashes (18) . Not being distracted while driving increases the log odds of being involved in a multivehicle fatal crash. This finding may seem counterintuitive at first, but it makes sense under the assumption that run-offthe-road crashes are often a result of distracted driving and typically associated with single-vehicle crashes. The last driver behavior that appeared significant in the full model was that making a maneuver to avoid some obstruction in the roadway decreased the log odds of being involved in a multivehicle fatal crash. This finding may be explained as drivers avoiding other vehicles, whereas single-vehicle crashes may involve drivers being unable to avoid some obstruction.
Although the findings from the full model are significant and verify many of the findings from other research, they also show the importance of distracted driving and avoidance maneuvers for determining whether a vehicle will be involved in a single-vehicle crash or a multi vehicle crash. However, this model should be divided to explore further variable effects and to compare urban and rural systems.
urban roads
The results for a simulation specific to urban roads are shown in Table 4 . This model had a likelihood ratio chi-square value equal to 3135.8657 with a significant p-value, which demonstrates that the model provided a good fit for the data. There were 8,486 observations in this data set.
For this model, two demographic factors proved significant. Again, not being of Hispanic origin increased the log odds of a multivehicle fatal crash rather than a single-vehicle crash. The high OR for the urban model likely indicates that the presence of Hispanic drivers is more significant in urban population centers, but further conclusions for this variable are indeterminate.
Similar to the full model, being female increased the log odds of being involved in a fatal multivehicle crash by 0.4501 times. Males are more prone to risky driving behavior and therefore are more likely to be involved in single-vehicle fatal crashes. In comparison, females, because of decision-making behavior and driver psychology, may be more prone to making conflict-oriented driving errors that result in a disposition toward multivehicle fatal crashes (29) .
In the urban environment, the effects of speeding, alcohol, distracted driving, and avoidance maneuvers were all similar to those in the full model. Research supports the belief that speeding and alcohol use are linked to single-vehicle crashes, likely as risky driving behaviors (18, 20, 22) . Distracted driving is another risky driving behavior often not discussed in the literature and may result from drivers driving alone losing focus or taking additional risks while on the road. Last, not making avoidance maneuvers, also often not discussed in the literature, is significant for increasing the log odds of a single-vehicle fatal crash. This finding may imply that drivers involved in single-vehicle crashes are prone to distraction and unable to make proper decisions to avoid collisions. 
Urban Undivided Roads
To provide a comparison between different road types, the urban and rural models were split into undivided and divided models with the roadway area description variable. The urban undivided model had 3,391 observations with a likelihood ratio chi-square equal to 1308.2099 with a p-value lower than .0001, an indication of a good fit for the data. When the individual variable levels were inspected, this model was found to produce similar results as the full urban model. Being non-Hispanic increases the log odds of being in a multivehicle fatal crash. However, it is extremely difficult to determine a reason for this finding.
Speed had similar results as in the other models and indicated that not speeding decreased the log odds of a multivehicle fatal crash on an urban undivided roadway. This finding makes sense intuitively, as traffic volumes tend to be higher in urban areas. In addition, not drinking alcohol provides greater log odds of being in a multivehicle fatal crash than a single-vehicle fatal crash. The reason for this finding may relate to drivers drinking alone and driving home late at night.
Last, distracted driving may increase the likelihood of singlevehicle fatal crashes, because the results show that not being distracted increases the log odds of a multivehicle fatal crash by 0.5416. Distracted driving in an urban undivided environment could lead to striking a fixed object and result in a single-vehicle fatal crash. The results of this model are shown in Table 5 .
Urban Divided Roads
A total of 1,194 observations were included in the urban divided roadway model, with a likelihood ratio chi-square equal to 456.2895 and a p-value less than .0001. The results for the urban divided model are also shown in Table 5 .
The results of this model are unique among all of the models. None of the demographic variables was significant for determining the number of vehicles involved in a fatal crash, and speeding was the only significant driver behavior. This finding is intriguing and likely indicates that this model, more than the others, is possibly influenced by traffic volume. Speeding on urban divided roadways increases the likelihood of a single-vehicle fatal crash, likely because traffic volumes on urban undivided roads are often significant enough to prevent speeding. This situation produces an increase in the likelihood of a single-vehicle fatal crash rather than a multivehicle fatal crash.
Other significant variables in this model are unrelated to driver demographics and behavior. Therefore, this model may warrant closer examination with the inclusion of traffic volumes. Still, the significance of speeding is important and indicates a common trend across the models.
rural roads
The model pertaining to rural roads had a likelihood ratio chi-square of 4045.4346 with high significance for fitting the data to the model. There were a total of 6,602 observations included in this data set. The results for this model are shown in Table 4 . For the rural roads model, none of the demographic variable levels proved significant. This finding is an important deviation from the expected results, but the reason for this is difficult to tell. However, it may relate to the nonhomogeneity of rural populations. Rural roads tend to be distributed through a large range of areas and service only small population centers, each with its own unique characteristics.
However, the driver behavior variables, including speeding, alcohol use, distracted driving, and avoidance maneuvers, all produced similar findings to those for the full model and the urban model. Speeding and alcohol use are again associated with single-vehicle fatal crashes. Similarly, distracted driving and not making avoidance maneuvers increase the log odds of a single-vehicle fatal crash. Distracted driving may be of particular concern on rural roads, because the rural driver may not have another occupant to warn him or her about an obstruction, and nonfixed objects, such as animals, foliage, and so forth, can present a greater hazard in rural areas. The OR for avoidance maneuvers is quite small, with a small confidence interval, which indicates high significance. If single drivers are not paying attention, or if there is a large chance of striking a nonfixed object, there may be a greater likelihood of a single-vehicle fatal crash. A finding that deviates from what was reported by Martensen and Dupont is that more occupants decreases the log odds of being in a multivehicle fatal crash (22) . This finding may be due to the nature of driving conditions on rural roads, where drivers often make solitary trips. Driving alone is associated with risky behavior and distracted driving, so these results seem intuitive.
One noteworthy finding that applied only to the aggregate rural model is that not being a registered vehicle owner increased the log odds of being involved in a multivehicle fatal crash. It is impossible to know for sure, but this result may be associated with a lack of concern regarding the welfare of the vehicle that may lead to decreased alertness around other vehicles.
Rural Undivided Roads
As for the urban model, the rural model was split into undivided and divided roads. The undivided model consisted of 5,066 observations and had a likelihood ratio chi-square of 3514.4529 with a highly significant p-value, which demonstrates a good model fit.
None of the individual demographic variables presented signs of significance. This finding may be due to the increased heterogeneity present among different rural population centers across the country.
Only alcohol consumption, distracted driving, and avoidance maneuvers were significant in the level model, and the effects of these variables were similar to their impacts in the other models where they were significant. The significance of avoidance maneuvers indicates a propensity for distracted single drivers to be unaware of nonfixed obstructions, especially on rural undivided roads. The opposite of this point is also intuitive in that vehicles that make avoidance maneuvers may be doing so to avoid other vehicles on undivided roads, causing a decrease in the log odds of a multivehicle fatal crash. Last, in a rural environment, distracted driving could easily lead to a driver colliding with a nonfixed object, thus causing a single-vehicle fatal crash. Table 6 shows the significant variables for this model.
Rural Divided Roads
There were 1,441 observations included in the rural divided model. The likelihood ratio chi-square was 652.7926 with a p-level less than 0.0001, which demonstrates a good model fit. The results of this model are also shown in Table 6 .
Similar to the undivided rural roads model, none of the individual demographic factor levels showed significance. This finding may be due to a smaller sample set and increased heterogeneity across rural areas. The only significant driving behaviors were related to speeding, distracted driving, and alcohol use; not speeding decreased the log odds of being in a multivehicle fatal crash. This result is similar to what has been previously discovered and is likely due to the decreased traffic on rural divided roads. Drivers who do not speed are likely not engaging in risky driving behavior and are likely able to avoid colliding with other vehicles. Distracted driving is a significant factor for all three rural models and is likely explained by the increased presence of nonfixed hazards on rural roads. Alcohol consumption is also linked to increased risk for single-vehicle fatal crashes on many roadway types, including rural divided roads. 
CroSS-CoMPariSonS anD DiSCuSSion
There was some consistency across the models. In particular, speeding, alcohol use, distracted driving, and avoidance maneuvers were all associated with increasing the log likelihood of a single-vehicle fatal crash. These factors, especially speeding, distraction, and avoidance, indicate potentially lower traffic volume conditions, which may allow risky driving behavior; alcohol is also associated with this sort of behavior. Interestingly, single occupancy was only important for the aggregate rural model and may denote low-volume situations in which individuals do not share a trip, leading to increased likelihood of a single-vehicle fatal crash. This result provides an important finding, because it refutes an assertion made in previous research (22) and highlights a characteristic of driving culture specific to American roads. Another interesting finding was that sex was only significant for the full model and for the urban model. This finding may be explained by a greater diversity in rural driving environments that decreased the significance of this variable. Being male increases the log odds of being in a single-vehicle fatal crash, therefore that this variable is not significant for rural roads is important. The Hispanic origin variable was significant in the full model, urban model, and urban undivided model. Not being Hispanic was associated with a log odds increase in the likelihood of a multivehicle fatal crash. This finding may be related to cultural driving behaviors, but it is impossible to explain this finding fully. Table 7 shows the different variables that were significant for each model.
The seven simulations have answered the three research questions in this study. Of the factors listed in Question 1, only restraint use and driver licensure were not significant in any of the models. All of the other variables did in fact increase the log odds of single-vehicle fatal crashes in at least one model. In addition, not making avoidance maneuvers, driving alone, and driving while distracted were other driver behaviors that were associated with single-vehicle fatal crashes in at least one model. These three factors denote risky driving behaviors that are much more likely to occur during lower traffic volumes and on rural roads. Question 2 was refuted. Age and race were not significant in any of the models, and driver distraction related more closely to singlevehicle fatal crashes. This refutation is interesting because several studies indicated that age was often a contributing factor in the likelihood of a single-vehicle crash. However, the results of this study do not support any conclusions regarding the effects of age on the likelihood of a single-or multivehicle crash. Previous convictions and crash history were also insignificant in every model.
In response to Question 3, the findings of the analyses show that some of the variables, such as number of occupants and Hispanic origin, were only significant for a few models. More important, the results demonstrate that many variables are significant across models. This finding demonstrates the importance of educating drivers about the risks of speeding, alcohol consumption, and risky driving behavior in any roadway environment.
The analysis presented here is significant because no models produced any signs of collinearity on the basis of the tests used. Tolerance levels for all models ranged from 0.36786 to 0.99872, and VIF values were all below 10. Therefore, there appear to be no problems with collinearity in the data or models.
ConCLuSionS
This study investigated the effects of driver and demographic variables on the likelihood of single-and multivehicle fatal crashes. Although some studies have examined the importance of certain driver-specific variables, few broad-spectrum studies have been conducted, and the effects of these variables across roads in the United States are relatively unknown. Therefore, the research team used FARS data from six states to model the effects of several driver and demographic variables, including driving time, driving alone, speeding, age, misuse of restraint, Hispanic origin, race, sex, registered vehicle ownership, commercial driver's license status, alcohol use, previous convictions, crash history, driver avoidance maneuvers, and driver distraction. A tiered modeling approach was used in which the first full model was broken into aggregate urban and rural models and then into undivided and divided urban and rural roadways.
Several variables were discovered to be significant across several models for increasing the log odds of a single-vehicle fatal crash instead of a multivehicle fatal crash. Specifically, speeding, single occupancy, alcohol use, distracted driving, not making avoidance maneuvers, being male, and being Hispanic were found significant in at least one model for increasing the log odds of a single-vehicle fatal crash. Some variables discussed in the literature, such as age, licensure, and restraint use, were not shown to be significant in any of the models for increasing or decreasing the log odds of a multivehicle fatal crash. In addition, some earlier hypotheses about the number of occupants increasing the odds of a multivehicle crash were refuted.
The results of this study may aid policy makers and planners in determining appropriate driver educational material to target atrisk behavior. In addition, a better understanding of the factors that influence the number of vehicles involved helps safety analysts to develop more accurate crash prediction and assessment models. Several findings from this study are unique and may help future safety analysts to understand the impact of human error on fatal traffic crashes.
Although the research questions were answered, there is still a need for future research. Crash prediction based on these variables is the next logical step for research. Another avenue for research could be to analyze the effects of driver behaviors without considering demographic factors. Last, an expanded analysis that includes more years or more states could be conducted to provide more data. 
